Abstract The suitability of genetic algorithm as an optimization tool for freeze drying of mushroom has been explored. The optimized solution set obtained from genetic algorithm was compared to a derivative based goal attainment algorithm (fgoalattain) to identify the better optimizer. Regression models for quality parameters of freeze dried button mushrooms were developed and models with C 85% correlation were selected and compiled into an objective function for optimization. Verified optimal solutions revealed that genetic algorithm was more proficient in optimizing physical quality parameters (rehydration and shrinkage ratio) as contrary to fgoalattain which optimized nutritional characteristics (ascorbic acid and protein) better. The ability of genetic algorithm for optimization from the perspective of a consumer was found to be better.
Introduction
Freeze-drying or lyophilisation is a process of drying by the principle of sublimation. It is used for drying bioproducts which are heat sensitive or are otherwise degraded by conventional drying techniques involving heat treatment. Despite its process complexity, it is widely used in the pharmaceutical (Pikal et al. 2005 ) and biotechnology industry (Ciurzyn'ska and Lenart 2011) for a large number of applications and its utilization is progressively growing in the food sector (Amine et al. 2014; Aykin and Erbas 2016; Fellows 2017; Tarafdar et al. 2017) . The design considerations for pharmaceutical freeze drying processes are quite well defined (Goshima et al. 2016 ) but the same may not be adequate for food processing. Since biological materials do not follow a linear pattern during post harvest processes, a proper model with a robust optimization tool is required to determine the best conditions of process variables to obtain high quality end products in terms of physical and nutritional characteristics. Since the numbers of process variables and quality responses are more, it may be difficult to efficiently optimize a multiple input multiple output (MIMO) system such as freeze drying with traditional optimization techniques. Gradient based goal finding mathematical optimizers are more suited to single modal (one maxima or minima) functions and its application may not be adequate for complex multi-modal problems where local maxima or minima may be mistaken for global optimum. An optimization tool therefore, should ideally be complementary to processes where several multi-modal models will be generated. Genetic algorithm (GA) is one such technique which is based on Darwin's law of 'survival of the fittest'. It has numerous applications (Reed et al. 2000; Erenturk and Erenturk 2007) in a wide range of scientific fields and is often modified to produce hybrid optimizers which give results even superior to that of GA alone. GA is basically a search algorithm and not a calculus based algorithm. Hence, it is important to note that GA does not guarantee the 'best solution' but provides acceptable results for MIMO systems which avoid conflicts within the objectives under consideration (Konak et al. 2006) . The objective of this study is to exploit the characteristics of GA to solve a complex optimization problem relevant to the food sector and compare its results to a derivative based optimizer. The results of this study should serve other fellow researchers to identify suitable utility of GA in other food and industrial process applications.
Materials and methods

Material
Fresh button mushroom were obtained from the Mushroom Research Center (MRC) of G.B. Pant University of Agricultural and Technology, Pantnagar, Uttarakhand, India. The mushrooms were grown in a controlled environment and were procured on the day of harvest and stored under 4°C until further use. Mushroom samples with head size diameter of 35-40 mm were chosen for the study. The initial moisture content of the mushrooms was recorded as 614.3 ± 0.2 to 1328.5 ± 0.4% on dry basis (d.b.) using standard hot air oven method.
Experimental procedure
Box-Behnken design (BBD) was chosen for the multiobjective optimization problem as recommended by Ferriera et al. (2007) . The number of experiments was determined by Eq. (1):
where N is the number of experiments, k is the number of factors and C 0 is the number of central points. The 3-level (-1, 0, ? 1), 4 factor (primary drying temperature, secondary drying temperature, pressure and sample thickness) experimental design matrix for BBD has been shown in Table 1 . Mushroom samples were cut into cuboids with defined cross sectional area of 1.5 9 1.75 cm 2 with variable sample thickness. The samples were frozen at -22°C for 24 h before freeze drying, well below the glass transition temperature. During drying, the sample temperature was measured using an infrared thermometer and the recorded temperature was used to identify the end point of the primary drying cycle. The basis behind this was the reduction in residual ice content as drying proceeded which will induce an increase in temperature of the food product beyond the triple point of water (0.01°C). Moisture reduction in the samples was monitored with drying time to indicate end of freeze drying when two consecutive constant weights were obtained at the end of the secondary drying cycle.
Rehydration ratio
Rehydration capacity is defined as the ability of a product to retain its original structure after soaking in the liquid medium which it was deprived of during drying. For determination of rehydration ratio, known amount of dried mushroom sample was placed in 100 mL distilled water at 50°C. The mushrooms were taken out every 30 min for weighing. Weight of the dried samples was measured after draining the excess water first over a muslin cloth followed by removal of residual surface water over a bloating paper. The process was stopped when two constant consecutive weights were obtained. The Rehydration ratio (RR) was estimated by the following equation:
Shrinkage ratio
The shrinkage in the dried sample was determined as the ratio of the reduced volume to that of the initial volume (V i ) as described by Mayor and Sereno (2004) . Shrinkage ratio (SR) can be expressed mathematically as:
where V d is the volume of the dried sample. Volume of the dried sample was estimated using toluene displacement method. Toluene was recommended by Dursun and Dursun (2005) due to its inertness to being absorbed by any material to which it is a surrounding medium.
Protein content
Modified Lowry's method for stability of absorbance readings as suggested by Pomory (2008) was referred for protein estimation. The sample was prepared by adding 10 mL of 0.1 M sodium phosphate buffer (pH 8.0) to a known amount of grounded freeze dried mushroom sample. The mixture was centrifuged at 9000 rpm for 20 min. Five millilitres of reagent A (copper-tartarate-carbonate complex) was then added to 1 mL of the supernatant collected from the centrifuged sample. This solution was then allowed to stand for 10 min after which 0.5 mL of 2 N Folin-Ciocalteu reagent was added to it. The mixture was shaken vigorously and kept in dark for 2-3 h for stable spectrophotometric reading. The blank was prepared using the same procedure without addition of the sample. The absorbance was measured at 660 nm. The standard curve for protein was generated at 660 nm using different concentrations (0.2, 0.4, 0.6, 0.8, 1.0 mg/mL) of Bovine Serum Albumin (BSA) in sodium phosphate buffer. The protein content in the sample (Pn) was estimated by tracing the absorbance against the concentration from the standard curve.
Ascorbic acid
Indophenol method was followed for ascorbic acid determination as described by Ranganna (2001) .
Estimation of antioxidants
DPPH (2,2-diphenyl-1-picrylhydrazyl) assay was followed for determination of antioxidant content. DPPH is a stable free radical due to its spare electron delocalization over the entire molecule. Due to this delocalization, DPPH gives a deep violet colour at a wavelength (k max ) of 520 nm (Cheung et al. 2003) . When DPPH is added to a substance which acts as a hydrogen donor like phenols, a stable non-radical form of DPPH is generated with subsequent change of violet colour to pale yellow colour. The phenolic components of the sample were extracted with 50 mL methanol in an incubator shaker at 30°C and 120 rpm. The mixture was filtered using Whatman I filter paper and the extract was collected. Four millilitres of different concentrations (0.5, 1.5, 2.5, 3.5 and 4.5 mg/mL) of the sample in methanol was made in separate test tubes and 1 mL of 0.1 mM DPPH were added to each. The test tubes were then shaken vigorously and kept under dark conditions for 1 h for the reaction to proceed. Control was prepared by the same procedure without the sample. Methanol was taken as blank. The absorbance for the samples (A s ) and control (A c ) was measured at 520 nm. Antioxidant content (AO) was expressed as the concentration in mg/mL corresponding to 50% DPPH inhibition or IC 50 . The percent Free Radical Scavenging Activity (FRSA) was determined by the equation described by Barros et al. 2006 :
Data modelling and statistics
The general regression equation for a 4 variable ðX 1 ; X 2 ; X 3 ; X 4 Þ quadratic model for the kth response, Y k , can be mathematically expressed as: 
Genetic algorithm
GA is an Evolutionary Algorithm (EA) which works on Darwin's theory of natural selection. It mixes and matches the independent variables to produce superior 'offsprings' thereby increasing flexibility, efficiency and efficacy of the model to be optimized. GA performs three operations: selection, crossover and mutation in a generated population based on an objective function. Initially strings are selected randomly as per higher relative fitness. They are then allowed to enter the mating zone where random crossover points are chosen with a certain probability of crossover (P c ). Crossover implies the interchange of bit values (genes) i.e., 1-0 and vice versa. This continues until a particular population size is reached. Finally, mutation occurs with a probability of mutation (P m ), when random genes within the new population are changed. The result is a population (new generation) with improved average fitness.
The procedure for implementation of genetic algorithm with regression model as fitness function is shown in Fig. 1 . A detailed version of the steps involved in genetic algorithm from initiation to termination can be found in various literatures (Murata et al. 1996; Reed et al. 2000; Konak et al. 2006; Blaifi et al. 2016) . The search for optimal points of process variables was conducted using the ga-multiobjective function available under the optimization toolbox of MATLAB software v.2009b.
Mathematical optimization
Multi-objective goal attainment function (fgoalattain) in optimization toolbox of MATLAB v.2009b was used for derivative based/mathematical optimization. The function finds the minimum of a problem as specified by the goal, constraints and weight. The minimization process completes when the objective function, c, attains a value close to the goal as defined by: where x and w are the variable and weight vectors respectively, F(x) is the function that returns vectors and lb and ub are the lower and upper bounds respectively. The function may also prematurely terminate if the number of set iterations or function evaluation limit exceeds. In this case, a further study is required with increased values of termination criteria, to see if the solution set remains unchanged or if global minima can be obtained successfully.
Results and discussion
Regression models
Second order polynomials of the form described in Eq. (5) were obtained for rehydration ratio, shrinkage ratio, ascorbic acid, antioxidant and protein content for freeze dried mushrooms. The model coefficients with statistical information (p value, coefficient of correlation, coefficient of determination and standard error) for the responses are shown in Table 2 . The regression models developed, were found significant (p \ 0.01) except for the model corresponding to antioxidant content (p [ 0.05). The model for antioxidant content was therefore, not considered in the objective/fitness function as it did not meet the selection criteria (R [ 0.85). Analysis of the model coefficients (Table 2) revealed that the secondary drying temperature (SDT) affected the protein, antioxidant and shrinkage ratio significantly (p \ 0.01) with no prominent effect due to variation in primary drying temperature and pressure (p [ 0.05). Increase in temperature to near ambient conditions during secondary drying may have triggered formation of reactants which led to slight decrease in the antioxidant content. Moreover, due to desorption during the secondary drying phase, increase in shrinkage may have indirectly altered the protein structure, thereby declining it. The effect of sample thickness on the physical properties (rehydration and shrinkage) was significant (p \ 0.01) and expected as thickness affects the drying rate and time which in turn is associated with the microstructure of the product. Ascorbic acid content was also influenced by the variation in sample thickness.
The quadratic model terms (X i 2 ) are responsible for nonlinearity in data which is crucial for optimization. Higher non-linearity gives us a better incentive to proceed towards an optimization problem. From Table 2 , it is clear that each response has significant non-linearity in data contributed by at least two process variables to a maximum of all four variables as in the case of protein. Comparatively lower variations in shrinkage ratio were observed followed by rest of the responses. The interaction effect of the process variables (X i .X j ) was significant (p \ 0.05) in physical properties with common effect of pressure (X 3 ).
GA optimization
Using the regression models which satisfied the correlation criteria, a multi-objective fitness function was created (''Appendix'') with a function handle as: @multiob-jective. The function was defined to search for solutions with maximum rehydration ratio, ascorbic acid and protein and minimum shrinkage ratio. Since multi-objective GA function in MATLAB is a minimization function, a negative sign was added to the objectives with maximization goals. This facilitated the minimization of those objectives towards the negative direction with a higher absolute value. The absolute values for these objectives were considered as final optimized solution. An initial population size of 60 was generated at random using a constraint dependent creation function. The constraints were set using the upper and lower bounds of the levels of process variables in the order: [PDT, SDT, P, ST] with the lower bound corresponding to [-8 25 0.04 0.2] and upper bound as [-2 31 0.10 0.8]. Selection of the population individuals for crossover was done using the tournament scheme with a default size of 2. The crossover probability was set at a default value of 0.8 with a scattered crossover function. An adaptive feasible function generated better optimized solutions as compared to a constrained dependent function for population mutation. The stopping criterion for the search algorithm was defined as 1000 generations or a functional tolerance limit of 10 -5 , whichever is earlier.
The search for optimal solution started with 1.87, 0.77, 22.02 and 3.80 for rehydration ratio, shrinkage ratio, ascorbic acid and protein content respectively. The values for best fitness increased across generations until it converged to a relatively constant value at around 800 generations. The search algorithm was allowed to run up to 1000 generations which resulted in a total of 21 solution sets (Table 3 ). The spread of the solutions or average pareto spread was plotted with increasing generations (Fig. 2) to visualize the solution convergence. Convergence was identified as the solutions being closer to each other and eventually attaining the same values. The final converged solution set was considered as overall best fit for the multiobjective optimization problem.
Mathematical optimization
The derivative required in 'fgoalattain' function was approximated by the solver. Forward difference type of derivative was used for the approximation. The initial start point was set as the minimum values attained in the experimental runs (Table 1) . The remaining solver options were kept as default software values. The solver stopped after 133 iterations as maximum number of function evaluation exceeded 800. Due to premature termination of the search function, the function evaluation value was incremented in steps of 1000 till 10,000. It was found that the change in solutions obtained did not vary with the increased limit at a function tolerance of 10 -6
. The constant solution set obtained was therefore, considered the final solution.
Comparison of optimization techniques
It is evident from Table 4 that GA performed superior to the derivative based optimization technique while searching for an optimum solution for physical characteristics (rehydration and shrinkage ratio). Shankar and Bandyopadhyay observed also reported similar results while comparing response surface (RSM) optimization to GA in extrusion processing of fish and rice flour blend (Shankar and Bandyopadhyay 2004) . Mathematical optimizers were found to efficiently recognize the trend but GA precisely pinpointed the processing conditions. However, the performance of fgoalattain function was better for nutritional responses (ascorbic acid and protein). On comparison of the variation in results for the two solvers from the fresh sample, it was observed that fgoalattain was fairly close to the initial sample quality conditions (Table 1) . Moreover, the difference in the results for shrinkage ratio (Table 4) is quite insignificant among other differences which tip the balance in favour of fgoalattain.
Verification of optimized results
Five experimental runs for each processing condition described in Table 4 were performed. The variation in mean actual data to the predicted optimized results was compared using a t test. The results of the test (Table 4) revealed that the predicted values obtained from the solvers were in good agreement with the experimentally determined values. However, the predicted value of protein given by fgoalattain could not be verified (t calculated-[ t critical ). Even though the verification was not successful, the experimental value obtained for protein from a derivative based optimizer was 13% higher than that obtained from GA. The obtained deviation of experimental and predicted data was found similar to the findings of Khawas et al. (2016) during vacuum drying of culinary banana.
Conclusion
The current investigation reports the use of genetic (GA) and mathematical based optimization (fgoalattain) techniques for freeze drying of button mushroom. The process variables were optimized by both techniques on the basis of superior physico-chemical characteristics of the freezedried product. Physical properties of the dried mushroom were better optimized by GA whereas mathematical optimizer gave a better solution for nutritional properties. From a broad perspective, the mathematical optimization technique may have performed better overall but from the consumer point of view, physical characteristics would be more appealing. Since the rehydration and shrinkage ratio would directly affect the selling ability of the dried product, it may be concluded that GA would be the better optmizer in the present study with little compromise to nutritional composition.
